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Abstract

Urban energy consumption plays a critical role in global energy use, with cities accounting for a large 
share of energy demand and greenhouse gas emissions. The Urban Heat Island (UHI) effect, worsened 
by urbanization and changes in land cover, can further increase cooling demand. Addressing these 
challenges requires energy-efficient building practices, renewable energy technologies, and advanced 
analytics, including Machine Learning (ML), to forecast demand and support operational decisions. This 
review synthesizes literature on urban building energy use, UHI impacts, renewable options, and ML-
enabled strategies. It discusses solar, wind, geothermal, and biomass applications and considers how 
data-driven approaches may support more efficient urban energy systems. Quantitative benefits reported 
in the literature including energy savings and carbon-footprint reductions vary with climate, building 
type, baseline technology, system design, and study assumptions; they should therefore be interpreted 
as context-specific estimates rather than universal outcomes. The review also discusses implementation 
barriers, limitations in the evidence base, and priorities for future research.

Keywords: Urban energy consumption; Urban Heat Island (UHI); Renewable energy; Machine learning; 
Sustainable development; Carbon footprint

Highlights

A. Urban energy use is a major contributor to global demand and emissions, while the UHI effect can 
intensify cooling requirements.

B. Renewable energy and ML-enabled management can improve building efficiency; reported savings and 
emissions reductions depend on local conditions and study assumptions.

C. Data-driven renewable integration can support climate targets when supported by transparent 
evidence, local planning, and reliable implementation.

Introduction
Urban buildings are important contributors to energy demand and carbon emissions. The 

exact shares reported across studies vary with geographic scope, accounting boundaries, and 
the distinction between energy demand and final energy consumption [1-3]. As urbanization 
accelerates, energy use for heating, cooling, lighting, and appliances remains a central 
concern. The Urban Heat Island (UHI) effect can raise local temperatures and increase cooling 
demand, although the magnitude depends on climate, urban form, vegetation, and building 
characteristics [4]. Urban Building Energy Models (UBEMs) can simulate energy performance 
across districts by combining building and contextual data [5]. Potential savings reported for 
UBEM-enabled interventions are scenario-dependent and require validation against local 
baseline data; they should not be presented as guaranteed outcomes.

http://dx.doi.org/10.31031/ACET.2026.07.000661
https://www.crimsonpublishers.com/acet/
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Urban areas are responsible for a substantial share of global CO2 
emissions because of building, transport, and industrial activity [6]. 
The share of energy used for heating and cooling varies by climate 
and building stock [7]. The UHI effect can increase cooling needs in 
some settings, but the magnitude is location-specific [8]. Solar, wind, 
geothermal and biomass can provide alternatives to fossil-based 
energy where resource conditions and system design are suitable 
[9]. Claims such as a 20% reduction in urban energy use or a 40% 
reduction in a building’s carbon footprint are scenario-dependent 
estimates reported in the literature, not results measured by the 
present review; the underlying studies, baselines, and assumptions 
must be checked before these values are generalized [10].

The transition to renewable energy in urban areas presents 
significant challenges that must be addressed to achieve a sustainable 
energy future [11]. Key obstacles include the modernization and 
integration of energy grids, which are currently ill-equipped to 
handle the decentralized and variable nature of renewable sources 
such as solar and wind [12]. Economic challenges also arise, 
particularly the high initial investments needed for renewable 
infrastructure, which are difficult to achieve in developing cities 
with limited resources [13]. Social challenges, including public 
acceptance, awareness, and local opposition, further complicate 
the adoption of renewable energy technologies [14]. Despite 
these hurdles, urban areas are expected to lead the global energy 
transition, with projections suggesting that renewables could 
make up two-thirds of the world’s primary energy supply by 2050 
[15]. Successfully navigating this transition will require significant 
infrastructure upgrades, technological advancements, and strong 
policy support, making urban centers crucial in the global push 
toward renewable energy.

Urban areas, responsible for a substantial share of global 
CO2 emissions, face growing energy demands from buildings, 
transportation and industry [16]. This review examines how 
building efficiency measures, renewable energy technologies, urban 
heat-island mitigation and machine-learning (ML) applications 
can be combined to improve urban energy performance. Its main 
contributions are: (i) synthesizing the principal drivers of building 

energy demand and the UHI effect; (ii) mapping renewable 
options to building and urban applications; (iii) comparing the 
roles and limitations of common ML approaches for forecasting, 
classification, and optimization; and (iv) identifying practical 
priorities for implementation and future research. Reported 
savings and emissions reductions are treated as estimates from 
individual studies, not as outcomes measured by this review. 
The findings can help urban planners and policymakers compare 
renewable-energy options and develop policies suited to local 
resource availability, infrastructure, and building needs. The 
review examines developments over recent decades. It begins by 
analyzing energy consumption in urban buildings, emphasizing 
the UHI effect and the primary drivers of energy use and efficiency 
challenges, particularly overpopulation and rapid urbanization. 
It then examines urban warming and the application of various 
renewable energy solutions tailored to specific locations. Finally, it 
addresses the challenges and future prospects of renewable energy 
transitions in urbanized settings. The review underscores that 
embracing renewable technologies can reduce carbon footprints by 
up to 40%, support the 2030 goals of lowering per capita energy 
use and CO2 emissions by 30%, and advance the global objective of 
achieving climate neutrality by 2050.

Bibliometric Analysis
This bibliometric overview describes the publication landscape 

of research on urban energy consumption and renewable solutions. 
The analysis considers citation counts, journal classifications, 
publishers, and publication trends to characterize how the literature 
is distributed. Figure 1a presents the reported distribution of 
papers across journals, while Figure 1b shows the reported 
distribution by publisher. These plots describe the composition 
of the reviewed sample; by themselves, they do not establish 
research quality, causal impact, or the effectiveness of a technology. 
The manuscript’s source records do not specify the bibliographic 
databases, exact search strings, search date, duplicate-removal 
procedure, or complete screening rules. These details should be 
supplied from the authors’ original search records before the 
method can be considered fully reproducible.

Figure 1: Bibliography analysis a) Percentage No. of papers in different journals. b) No. of journals by different 
publishers.
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The manuscript reports that 250 papers were initially identified 
and 100 were selected for detailed bibliometric assessment. The 
reason for reducing the set from 250 to 100 is not documented 
in sufficient detail in the source text. To make this selection 
transparent, the authors should report the actual inclusion and 
exclusion criteria, screening stages, treatment of duplicates, and 
any relevance or quality thresholds used; these criteria should 
not be reconstructed retrospectively without records. Until those 
details are confirmed, the 100-paper set should be understood 
as the study sample reported by the authors rather than a fully 
reproducible systematic selection. The year-wise and publisher-
level patterns in Figure 1 summarize this sample and should be 
interpreted accordingly. 

Energy Consumption in Urban Buildings
Urban areas, with their dense populations and extensive 

infrastructure, are the primary consumers of global energy 
resources. As urbanization intensifies, with over half of the world’s 
population now residing in cities, a figure expected to reach 68% by 

2050, energy demand is increasing at an unprecedented pace [2]. 
Buildings, which are central to urban life, account for a significant 
share of this consumption, representing approximately 80% of 
urban energy demand and contributing to over 60% of global CO2 
emissions [17] (Figure 2). Factors such as construction methods, 
material selection, and building design play a critical role in 
determining energy usage [18]. Additionally, urban phenomena like 
the Urban Heat Island (UHI) effect exacerbate energy consumption, 
as higher temperatures lead to increased cooling requirements 
[19]. The diverse energy needs of urban buildings, from heating 
and cooling to lighting and appliance use, make them major 
contributors to greenhouse gas emissions, directly linking urban 
energy consumption to global climate change [20]. Urban buildings 
alone account for about 40% of total global energy consumption, 
and implementing advanced energy efficiency measures could 
potentially reduce this consumption by 20 to 30%, significantly 
lessening their impact on global CO2 emissions and aiding in climate 
change mitigation efforts [20,21].

Figure 2: Percentage building activities consuming energy and emitting CO2 [21].

Figure 2 compares the reported energy-use and CO2-emission 
shares of building activities. Its contribution is to show why 
heating, cooling, and other building services are important targets 
for efficiency measures; the percentages should be read according 
to the source study’s definitions and boundary conditions, not as 
measurements generated by the present review.

In response to these challenges, the development of Urban 
Building Energy Models (UBEMs) has emerged as a vital tool for 
understanding and optimizing energy use at the city level. Unlike 
traditional Building Energy Models (BEMs), which focus on 
individual structures, UBEMs provide insights into the collective 
energy performance of entire urban districts [22]. By integrating 
data from various sources, including remote sensing and 

Geographic Information Systems (GIS), UBEMs can simulate energy 
consumption across a wide range of urban scenarios with high 
accuracy, even at aggregated scales [23]. These models integrate 
detailed building data, local climate and occupancy patterns to 
provide a comprehensive view of urban energy use [24]. This 
helps city planners and policymakers make informed decisions to 
cut energy consumption, reduce the Urban Heat Island effect and 
address climate change [25]. UBEMs also enable scenario-based 
analysis to evaluate the impact of energy efficiency measures, 
retrofitting strategies, and renewable energy integration at the 
district or city level [26].

However, implementing UBEMs effectively requires accurate, 
real-time data, which can be costly and time-consuming to gather 



4

Adv Civil Eng Tech       Copyright © Zeenat Khan

ACET.000661. 7(3).2026

[26]. Emerging technologies such as machine learning and artificial 
intelligence are increasingly being applied to enhance UBEMs and 
BEMs. Machine learning algorithms can analyze historical and real-
time energy usage, weather patterns, occupancy data and building 
characteristics to predict energy consumption more accurately, 
identify high-demand zones and optimize energy distribution in 
urban areas [27,28]. For instance, supervised learning models 
such as Random Forests or Neural Networks can forecast peak 
energy demands, while unsupervised algorithms can detect 
unusual consumption patterns and inefficiencies. Reinforcement 
learning can also be applied in smart building management 
systems to dynamically adjust heating, cooling and lighting based 
on occupancy and weather conditions, further improving energy 
efficiency [28,29]. Integrating these ML techniques into urban 
energy management can accelerate reductions in energy use 
and emissions, potentially achieving 20 to 30% savings while 
contributing to climate change mitigation and supporting the 
transition to more sustainable, resilient cities [20,25,27].

By leveraging advanced tools like UBEMs, BEMs, GIS and 
integrating machine learning for predictive analytics and 
optimization, cities can more effectively manage the approximately 
80% of urban energy consumption attributed to buildings. This 
integrated approach not only enables substantial reductions in 
energy use and CO2 emissions [20,27] but also provides actionable 
insights for policymakers, urban planners and engineers to 
design energy-efficient cities [25,29]. Predictive analytics 
allows for identifying high-energy-demand zones, optimizing 
renewable energy deployment and mitigating the Urban Heat 
Island effect, all while aligning with sustainable development and 
climate neutrality targets [21,27,28]. The combination of these 
advanced methodologies ensures that urban energy systems are 
more resilient, efficient, and capable of addressing the pressing 
challenges of global climate change [26,29].

The Urban Heat Island Effect and Machine Learning 
Applications

Recent urbanization has drastically altered the surface energy 
balance in major cities, resulting in significant shifts in local and 
urban climatic conditions. Over 60% of the global population now 
lives in urban areas and this figure is rapidly increasing [6]. This 
rapid expansion is closely linked to the Urban Heat Island (UHI) 
effect, where cities experience significantly higher temperatures 
than their surrounding rural areas [28]. This phenomenon is largely 
driven by materials such as concrete and asphalt, which have high 
heat capacity and thermal conductivity, absorbing and retaining 
solar radiation more than natural landscapes [29]. Consequently, 
there is a noticeable temperature difference between urban and 
rural environments, especially at night. Research consistently 
shows that UHI intensity is greater at night due to variations in land 
cover and surface energy distribution [30]. For instance, studies in 
Athens have highlighted considerable surface warming associated 
with urban growth and decreased vegetation, while research 
in Bangladesh has documented a 3-8 °C rise in land surface 
temperatures from 2000 to 2019 due to rapid urbanization [31]. 

The UHI effect is estimated to contribute to an additional 10-20% 
increase in cooling energy demand in urban areas, underscoring 
the critical need for effective urban planning and energy-efficient 
solutions.

The building sector is a significant contributor to global 
energy demand and carbon emissions, with cooling and heating 
needs accounting for approximately 65% to 80% of final energy 
consumption in buildings [21]. The UHI effect exacerbates this 
issue by increasing cooling demands in urban areas [32]. As cities 
grow and temperatures rise, the energy required for cooling 
systems also escalates, particularly in regions where cooling needs 
are becoming more prevalent [32]. In ultra-high-density cities 
like Hong Kong, buildings can account for up to 90% of electricity 
demand and over 60% of carbon emissions [33]. With around 2 
billion air conditioning units in use worldwide, cooling energy 
demand is projected to triple by 2050 if current efficiency levels 
are maintained [34,35]. Accurate modeling of the UHI effect is 
crucial for global energy conservation and decarbonization efforts, 
underscoring the urgent need for sustainable urban planning and 
energy-efficient technologies [36]. Emerging technologies, such 
as machine learning, can enhance UHI modeling by analyzing 
high-resolution satellite imagery, meteorological data, and urban 
infrastructure characteristics to predict UHI intensity in real time. 
Machine learning models, including neural networks and ensemble 
learning algorithms, can identify hotspots, assess vegetation and 
surface material impacts, and provide actionable insights for urban 
planners to implement cooling strategies, optimize green spaces, 
and reduce energy consumption in buildings [27,28].

Figure 3 provides a comparative view of building-related energy 
consumption using the cited sources. Differences between regions 
and years may reflect changes in population, economic activity, 
climate, data coverage, and definitions of energy use. The figure 
is contextual evidence and should not be interpreted as isolating 
urbanization as the sole cause of the observed trends.

Between 2000 and 2023, global energy consumption surged 
markedly due to rapid urbanization. According to the International 
Energy Agency (IEA), energy use in the Middle East jumped by 
80%, China by 55%, and India by 99%, underscoring the significant 
impact of urban growth and industrial expansion [37] (Figure 3). 
Conversely, energy consumption in the USA rose by only 10%, while 
Latin America saw a 75% increase and the EU-27 experienced a 
10% rise [38]. In Pakistan, energy consumption grew by 55% over 
this period, reflecting the country’s shift towards increased energy 
use driven by rapid urbanization and economic development 
[39]. Globally, energy demand increased by 45% during this time. 
This rise in consumption is closely linked to urban expansion, 
which heightens the demand for housing, transportation, and 
public services [40]. As cities grow, the need for energy-intensive 
infrastructure and services escalates, leading to greater reliance on 
fossil fuels and a subsequent rise in CO2 emissions [41]. Machine 
learning can play a vital role in addressing these challenges by 
forecasting energy demand, optimizing cooling strategies and 
evaluating the potential of renewable energy deployment in 
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urban zones. Predictive ML models can integrate UHI intensity, 
historical energy usage and climatic data to recommend targeted 
interventions that reduce energy consumption and associated 
emissions. Ignoring the UHI effect could lead to a 50% increase 
in urban cooling energy consumption by 2050. To combat this, it 

is essential to enhance energy efficiency, implement ML-driven 
energy management solutions, and transition to renewable sources, 
aiming to reduce per capita energy use and CO2 emissions by at 
least 30% by 2030 for a sustainable future [27,28,40].

Figure 3: Global energy consumption rate by buildings [37-41].

Major Energy Drivers, Efficiency Challenges, and 
Machine Learning Applications in Buildings

Energy consumption in buildings is shaped by a variety of factors 
that differ by region, building type and socioeconomic context. 
Key drivers include population growth, economic development, 
urbanization and climatic conditions [42-46] (Table 1). In non-OECD 
countries, rapid urbanization and population growth are primary 
contributors to high energy consumption in residential buildings 
[43]. As cities expand, the demand for housing, heating, cooling 
and lighting increases significantly due to rising economic activity 
and higher disposable incomes [43]. Conversely, in OECD regions, 
energy use is more influenced by economic shifts toward service-
based industries and the adoption of energy efficiency measures 

[44]. Climatic conditions are also critical; hot climates in Asia and 
the Middle East lead to substantial energy consumption for cooling, 
while cold climates in Europe and North America result in high 
energy use for heating [45]. Additionally, the rise in teleworking 
following the COVID-19 pandemic has altered energy consumption 
patterns, increasing residential energy use during daytime hours 
[46]. Machine learning techniques can enhance understanding 
of these energy drivers by analyzing large datasets, identifying 
patterns and forecasting energy demand across different building 
types and climatic zones. For example, predictive ML models can 
assess the impact of urbanization, population growth and changing 
weather patterns on energy consumption, enabling policymakers 
and building managers to design targeted efficiency strategies 
[27,28].

Table 1: Key energy drivers of buildings.

Driver Impact on Energy Use Regions Affected Ref.

Climatic Conditions Drives high energy consumption for heating or cooling 
based on temperature extremes

Hot climates (Asia, Middle East), cold climates 
(Europe, North America) [47]

Population Growth Increases demand for housing, heating, cooling, and lighting Non-OECD regions, rapidly urbanizing areas [48]

Urbanization Intensifies energy use in residential and commercial 
buildings Global, with a focus on developing countries [40]

Economic Development Leads to higher energy use per capita due to improved 
living standards Emerging economies, non-OECD regions [49]

Teleworking Trends Shifts energy consumption patterns within residential 
buildings

Global, with emphasis on urban and suburban 
areas [50]

Energy Efficiency 
Policies

Reduces energy consumption through improved building 
design and technology OECD regions, developed countries [51]
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Across the reviewed applications, ML methods serve different 
purposes and should not be treated as interchangeable. Linear and 
other statistical regression models provide relatively interpretable 
baselines for energy-demand forecasting, but may underfit 
nonlinear relationships. Decision trees and random forests can 
capture nonlinear interactions and are often useful with mixed 
building and weather variables, although their predictions may 
be less transparent than a simple regression. Gradient-boosting 
methods can deliver strong predictive performance on structured 
datasets but require careful tuning and validation. Artificial neural 
networks can model complex temporal and nonlinear patterns, 
yet typically need larger, representative datasets and more 
computational resources. Support-vector methods may be useful 
for smaller, well-scaled datasets but can become costly as data 
volume grows. For time-series applications, recurrent or other 
sequence models can represent temporal dependencies, while 
their advantage over simpler baselines must be demonstrated 
rather than assumed. Optimization and reinforcement-learning 
approaches can support control decisions, but require explicit 
constraints, safety checks, and testing under realistic operating 
conditions. A sound comparison should report the target variable, 
dataset and time span, train/test strategy, baseline model, metrics 
(for example MAE, RMSE and R2), generalization across seasons or 
buildings, interpretability, and computational cost. The manuscript 
does not provide a harmonized dataset or common benchmark, so 
no single model can be ranked as universally best from the evidence 
summarized here.

Table 1 organizes the principal demographic, economic, climatic 
and behavioral drivers discussed in the text. Its value is the linkage 
between drivers and building demand; the table is a qualitative 
synthesis rather than a quantitative ranking of their relative effects.

In Europe, enhancing energy efficiency in buildings is an urgent 
priority. Buildings account for 42% of Europe’s energy consumption 
and 36% of its greenhouse gas emissions, underscoring the need 
for effective renovation [51]. Many residential buildings in Europe, 
constructed before 1970, have outdated systems and low energy 
efficiency. The EU’s Energy Performance of Buildings Directive 
and Energy Efficiency Directive impose stringent requirements 
and encourage renovation [52]. Despite these initiatives and 
some progress in reducing household energy use, challenges 
remain, such as balancing modernization with the preservation 
of historical buildings [53]. Efforts like the European Green Deal 
and the Renovation Wave aim to boost renovation rates and 
incorporate renewable energy sources [54]. Machine learning can 
support these efforts by optimizing energy retrofits, modeling the 
effects of different renovation strategies, and predicting energy 
savings for specific buildings or districts. ML algorithms can also 
integrate climatic, socioeconomic, and building-specific data to 
prioritize interventions where energy reductions will be most 
effective, helping overcome financial and technical limitations 
[27,28]. If energy drivers like urbanization and overpopulation 
continue to increase, achieving the global target of a 55% reduction 
in greenhouse gas emissions by 2030 and climate neutrality by 

2050 could be at risk, potentially leading to continued high levels 
of energy consumption and environmental degradation in the 
building sector.

Urban Warming, Renewable Energy, and Machine 
Learning Applications

Urban areas significantly contribute to global warming due 
to their high energy consumption and greenhouse gas emissions. 
With over 56% of the world’s population living in cities, urban 
environments account for approximately 70% of global CO2 
emissions [55]. This is primarily driven by the energy demands 
of buildings, transportation and industrial activities [56]. In many 
metropolitan areas, urban heating and cooling represent nearly 
40% of total energy use, leading to substantial greenhouse gas 
emissions [57]. These energy needs are often met by fossil fuels, 
which release considerable amounts of CO2 and other pollutants 
[57-60]. The Urban Heat Island (UHI) effect exacerbates the 
problem, causing city temperatures to be up to 5 °C higher than 
those in rural areas due to factors like heat retention in building 
materials, reduced green spaces and emissions from vehicles and 
industry [32]. As a result, cooling demands can increase by 10-
20% during summer, heightening energy use and emissions [40]. 
Machine learning can be applied to monitor and model urban 
warming patterns in real time, using data from satellite imagery, 
weather stations, and building energy consumption. Predictive 
ML algorithms can forecast peak cooling and heating demands, 
identify energy-intensive zones and support targeted interventions 
to reduce urban energy use and CO2 emissions [27,28]. If cities 
were to reduce their energy consumption by 20%, it could result 
in a reduction of approximately 14% in their overall CO2 emissions, 
substantially lessening their contribution to global warming and 
easing the UHI effect [27].

Renewable energy is crucial in mitigating the climate impacts 
on building energy performance. As global temperatures rise, 
heating needs decrease in cooler regions but cooling demands 
increase in warmer areas [45]. For instance, a warmer climate can 
reduce heating energy needs by 20-30% in colder climates while 
increasing cooling demand in warmer regions [61]. The balance 
between heating and cooling needs therefore varies by climate and 
should be considered when selecting building-efficiency measures 
and renewable-energy systems but require careful tuning and 
validation. Artificial neural networks can model complex temporal 
and nonlinear patterns, yet typically need storage and distribution. 
Predictive ML models allow smart energy management, ensuring 
that solar electricity is utilized efficiently during peak demand 
periods and stored for later use, maximizing cost savings and 
reducing carbon emissions [61-64].

Table 2 maps renewable-energy technologies to building 
applications. Suitability depends on local resource availability, roof 
or site constraints, grid conditions, storage, lifecycle impacts and 
costs; therefore, the table should be used as a decision aid rather 
than a claim that each technology is appropriate in every urban 
setting (Figure 4).
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Table 2: Renewable energies and their applications in buildings.

Type of Renewable Energy Description Applications in Buildings Advantages References

Solar Energy
Converts sunlight into electricity 
or heat using PV panels or solar 

thermal systems.

Electricity generation, water 
heating

Reduces electricity costs, 
increases energy independence, 

low maintenance
[65]

Wind Energy Harnesses wind power through 
small-scale turbines. Electricity generation

Effective in windy areas, provides 
a clean energy source, reduces 

carbon footprint
[66]

Geothermal Energy Uses the stable ground temperature 
for heating and cooling.

Heating and cooling 
systems

Energy-efficient, reliable in 
extreme climates, long lifespan of 

systems
[67]

Biomass Energy
Derives energy from organic 

materials like wood and agricultural 
residues.

Heating
Renewable alternative to fossil 
fuels, available in rural areas, 

supports local economies
[68]

Hydropower Uses flowing or falling water to 
generate electricity.

Micro-hydro systems for 
electricity

Reliable, consistent energy supply, 
particularly in areas with rivers 

or streams
[69]

Hydrogen Energy
Produces energy through the 

chemical reaction of hydrogen and 
oxygen in fuel cells.

Electricity and heating Zero emissions at the point of use, 
versatile application [70]

Ocean Energy Harnesses energy from ocean tides, 
waves, and thermal gradients. Electricity generation

Abundant, renewable source in 
coastal regions, consistent energy 

supply
[71]

Aerothermal Energy Extracts energy from the air using 
heat pumps.

Heating and cooling 
systems

Energy-efficient, works even 
at low temperatures, reduces 

reliance on fossil fuels
[72]

Ground Source Heat Pumps 
(GSHPs)

Utilizes the consistent temperature 
of the ground to provide heating 

and cooling.

Heating and cooling 
systems

Very energy-efficient, reliable 
across different climates, low 

operating costs
[72]

Hybrid Renewable Systems
Combines two or more renewable 

energy sources to maximize 
efficiency and reliability.

Electricity generation, 
heating, cooling

Increased reliability and 
efficiency, flexible system design, 

reduces dependency on single 
energy source

[73]

Figure 4: Global grid transition to support renewable energy [74].

Wind energy, harnessed through small-scale wind turbines, 
is another valuable renewable resource. These turbines can be 
positioned on rooftops or in open areas, making them suitable for 
both urban and rural settings, particularly where wind patterns are 
consistent and strong [75]. Wind turbines can provide a significant 

portion of a building’s electricity needs, though their installation 
must consider factors such as wind speed, zoning regulations 
and noise concerns [76]. Machine learning can optimize wind 
energy integration by predicting wind speeds, estimating energy 
generation and dynamically balancing turbine output with building 
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energy needs. This ensures that wind energy is efficiently utilized, 
minimizing reliance on grid electricity and fossil fuels [77,78].

Geothermal energy, derived from the earth’s stable subsurface 
temperatures, offers efficient heating and cooling through 
geothermal heat pumps. This solution is ideal for regions with 
extreme seasonal temperature variations, providing reliable 
climate control [79]. Biomass energy, sourced from organic 
materials like wood pellets and agricultural residues, serves as a 
renewable alternative to fossil fuels for heating [80]. While biomass 
is beneficial in rural areas with abundant resources, sustainable 
sourcing and emission management are essential [81]. Machine 
learning applications can further enhance both geothermal 
and biomass systems by predicting heating and cooling loads, 
optimizing fuel consumption, and scheduling energy dispatch.

For geothermal systems, ML can forecast seasonal energy 
demand and adjust heat pump operation to maximize efficiency, 
while in biomass systems, ML can monitor fuel quality and 
emissions to ensure sustainable and low-carbon operation [82,83]. 
Integrating renewable options such as solar, wind, geothermal 
and biomass with machine learning-driven optimization can 
significantly enhance building energy efficiency, reduce carbon 
footprints, and support the creation of smarter, sustainable urban 
environments. ML enables predictive energy management, adaptive 
control of multi-source renewable systems and integration with 
smart grids, ensuring that renewable energy is utilized in the most 
effective, cost-efficient and environmentally sustainable manner 
[84-89] (Figure 5).

Figure 5: Upgradation of infrastructures with renewable energies [72].

Challenges and Future of Renewable Energy 
Transition in Urbanization with Machine Learning 
Applications

The shift to renewable energy in rapidly urbanizing areas 
presents distinct technological, economic, and social challenges 
that must be addressed to ensure a sustainable energy future. 
A key challenge lies in modernizing and integrating energy 
grids in growing cities [90]. Traditional urban grids, designed 
for centralized fossil fuel production, struggle to manage the 
decentralized, intermittent nature of renewable sources such 
as solar and wind [57]. Upgrading these grids is critical for 
supporting widespread renewable deployment and efficient energy 
distribution [60]. For example, Germany’s “Energiewende” policy 
has achieved 85% progress in urban areas, highlighting the need 
for robust grid improvements [75]. Similarly, the U.S. and China 
have made substantial strides in urban grid modernization (Figure 
4). Economic challenges are equally significant, as the high upfront 
investment for renewable infrastructure, including solar farms, wind 

turbines, and energy storage systems, must be balanced against 
rapid urban development needs [76]. These financial burdens are 
particularly acute in developing cities, where limited resources and 
the entrenched fossil fuel industry create a competitive and often 
restrictive environment for renewable initiatives. Machine learning 
can mitigate these challenges by optimizing grid management, 
forecasting energy demand, and predicting renewable generation, 
enabling cost-effective deployment and reducing the risk of energy 
shortfalls [27,28].

This review indicates that urban building energy performance 
is shaped by interacting factors, including climate, urban form, 
occupancy, building characteristics, and energy-system design. 
UBEMs, BEMs, GIS and ML can complement one another: physical 
and urban models represent building and spatial context, while ML 
can help forecast demand, detect patterns and support operational 
optimization. The reviewed literature describes opportunities for 
energy savings and emissions reduction, but the magnitude varies 
by setting and intervention. The review does not itself measure 
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energy savings or emissions; quantitative values cited in the 
manuscript should be read as estimates from their original studies 
and verified against the reported baselines and methods.

The UHI effect is an important consideration because higher 
urban temperatures can increase cooling loads [91,92]. Practical 
responses include improving building envelopes, using shading and 
reflective materials where appropriate, expanding suitable green 
and blue infrastructure, commissioning efficient cooling systems 
and integrating renewable generation with storage when technically 
and economically justified [93-95]. The review’s quantitative 
claims cannot be treated as universal forecasts: climate, occupancy, 
electricity mix, technology performance and system boundaries all 
affect outcomes. Future studies should report these assumptions 
explicitly and distinguish modeled potential from measured post-
implementation results.

ML approaches can support forecasting and control, but their 
value depends on data quality, representativeness, validation and 
maintainability [96]. Regression models provide interpretable 
baselines; tree ensembles can model nonlinear relationships 
in structured data; neural and sequence models may capture 
more complex patterns when sufficient data are available and 
optimization or reinforcement-learning methods may support 
control when safety constraints are explicit [97]. Future work 
should compare these approaches using common datasets, seasonal 
and cross-building validation, transparent metrics such as MAE and 
RMSE and clear reporting of interpretability and computational 
requirements. A model should be selected for the specific task and 
operating context rather than assumed to be universally superior.

For policymakers and practitioners, the priority is to establish 
reliable baselines, identify the dominant local energy drivers, 
evaluate efficiency measures before adding generation capacity 
and then size renewable and storage systems to local demand and 
resource conditions [98,99]. Pilot projects should monitor actual 
energy use and emissions before and after implementation, disclose 
assumptions and report costs and trade-offs [100]. This review is 
limited by the lack of documented database names, search strings, 
search date and reproducible screening rules for the reported 
250-to-100 publication selection. The bibliometric findings are 
therefore descriptive of the sample presented and the reference list 
should be checked against publisher or DOI records, particularly for 
ML-specific sources, before submission. These limitations point to 
a clear next step: document a reproducible search and screening 
workflow and conduct a systematic, quantitatively comparable 
evaluation of ML-enabled urban energy interventions.

Conclusion
This review highlights that integrating renewable energy 

technologies with advanced modeling and machine learning 
approaches provides a strategic pathway to reducing urban energy 
consumption and CO2 emissions. Urban buildings account for 
approximately 80% of city energy demand and contribute over 
60% of global CO2 emissions. By leveraging Urban Building Energy 
Models (UBEMs), Building Energy Models (BEMs), Geographic 

Information Systems (GIS) and machine learning algorithms, 
cities can simulate, predict and optimize energy use across entire 
districts. These tools enable the identification of energy-intensive 
patterns, facilitate real-time adjustments, and provide data-driven 
strategies to achieve energy reductions of 20 to 30 percent, while 
simultaneously informing urban planning and policy development 
to address efficiency challenges.

The Urban Heat Island (UHI) effect remains a significant driver 
of increased cooling demand, with projections indicating a potential 
50 percent rise in energy requirements by 2050 if unmitigated. 
Implementing energy-efficient building designs, integrating 
renewable energy systems and utilizing predictive modeling are 
critical strategies to address this issue. Renewable energy solutions, 
including solar, wind, geothermal and biomass, can reduce building 
carbon footprints by up to 40 percent. Combined with a 20 percent 
reduction in overall urban energy use, these measures could lower 
CO2 emissions by approximately 14 percent, contributing directly to 
the 2030 global targets of reducing per capita energy consumption 
and CO2 emissions by 30 percent and supporting climate neutrality 
by 2050.

Successful implementation of these strategies in urban 
environments requires overcoming social, technological and 
financial barriers. Public acceptance, regulatory support and 
community engagement are essential to drive adoption, while 
infrastructure modernization is necessary to accommodate 
decentralized and variable renewable energy sources. Machine 
learning and artificial intelligence can enhance system efficiency 
by predicting energy demand, optimizing grid performance and 
enabling adaptive energy management. These approaches allow 
urban centers to balance operational efficiency with environmental 
benefits, supporting a transition to sustainable and resilient urban 
infrastructure.

Combining renewable energy integration, energy-efficient 
building practices and predictive analytics presents a holistic 
solution to the challenges posed by urban energy consumption and 
the UHI effect. Addressing energy drivers such as rapid urbanization, 
population growth and climatic variability through these strategies 
can significantly reduce emissions, mitigate global warming and 
foster sustainable urban development. Effective implementation at 
both building and city scales will be pivotal in establishing energy-
efficient, climate-resilient and environmentally responsible urban 
centers.
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